, protei n-protein interaction studies 2 and gene expression profiling 3 allow the analysis of signalling networks via the simultaneous observation of every pathway component. However, these methods average information over many cells and do not take into account cell-to-cell heterogeneity, which has been shown to play key parts in the function of signalling networks [4] [5] [6] . Flow cytometry allows the measurement of signalling at the single cell level 7 but, similar to proteomic methods, temporal information is available only as an average across many cells, and spatial information is either completely absent or available only at very coarse levels, such as compartmentalization in organelles or at the plasma membrane.
A 'tool chest' of fluorescent proteins emitting light from the ultraviolet (UV) to the near-infrared parts of the spectrum has made it possible to simultaneously visualize the subcellular dynamics of multiple proteins in the same living cell -a technique that is referred to as experimental multiplexing. Such multiplexed imaging, which can reveal the coordination of two or more subcellular structures, is now routinely exploited to study, for example, the interactions of cytoskeletal fibres 8, 9 , the transient coupling of adhesion molecules and cytoskeleton flows 10 , and the choreography of protein recruitment to endocytic sites at the plasma membrane 11 . By contrast, the subcellular coordination of the signalling events that regulate these dynamics has remained considerably more obscure. In some cases, a single signalling activity can be visualized together with the dynamics of subcellular structures. However, until recently, this has been restricted largely to second messengers, for example, using fluorescent chelators that report ion concentrations 12, 13 , or fluores cently tagged domains that bind accumulations of lipid second messengers 14, 15 or mark cellular structures 16 . The study of the coordinated activation of multiple signalling proteins has been hindered by formidable technical hurdles. These obstacles have been recently overcome by two very different but complementary approaches -the development of powerful new biosensors and the development of computational multiplexing.
To understand the spatiotemporal dynamics of signalling events, it is generally not sufficient to simply follow the changing localization of proteins. Signalling proteins interact with downstream targets only in specific activated states. Therefore, to dissect the mechanism of signal transduction, it is necessary to monitor both protein localization and activation. Biosensors have been devised to report protein activation states, usually relying on fluorescence resonance energy transfer (FRET) readouts of a conformational change or protein interaction 17, 18 . Owing to the availability of fluorescent proteins spanning much of the visible spectrum, FRET-based biosensors can now be built using fluorescent proteins with orthogonal wavelengths, enabling the imaging of two biosensors in the same cell. Furthermore, a deeper understanding of fluorescent proteins has permitted the design of biosensors that respond directly to endogenous signalling molecules, without the need to use two fluorescent proteins. These experimental multiplexing approaches may ultimately enable us to visualize the activities of three or more signalling molecules at the same time.
However, even with these improved designs, only a limited number of biosensors can be introduced into one cell. In addition, multispectral imaging and the introduction of multiple exogenous proteins are often accompanied by increased phototoxicity and the perturbation of cell physiology. Ideally, one could study the dynamics of each protein species separately, in different cells, and subsequently relate the data to each other via correlation with a fiduciary event that is common to each cell. Indeed, this approach has been applied to study the timing of signalling events during phagocytosis and wound closure [19] [20] [21] . However, many cellular functions display stochastic behaviours, resulting in a wide range of heterogeneous signalling patterns. In this case, establishing the relationships between signalling activitie s that are not all observed in the same cell is more challenging.
Recent work by several laboratories has begun to break through this barrier. It has been shown that spatiotemporal relationships between any two cellular activities observed together can be extracted from their constitutive, basal fluctuations [22] [23] [24] . It has also been shown that, when measurin g the relationships between two pairs of activities in different cells, with one activity in Abstract | Cellular signal transduction occurs in complex and redundant interaction networks, which are best understood by simultaneously monitoring the activation dynamics of multiple components. Recent advances in biosensor technology have made it possible to visualize and quantify the activation of multiple network nodes in the same living cell. The precision and scope of this approach has been greatly extended by novel computational approaches (referred to as computational multiplexing) that can reveal relationships between network nodes imaged in separate cells.
These experimental multi plexing approaches may ultimately enable us to visualize the activities of three or more signalling molecules at the same time. common between the pairs, it is possible to predict the spatiotemporal relationships among all three individual activities, even when they are observed in different cells 22 . This process has been referred to as computational multiplexing in order to distinguish it from experimental multiplexing. Although computational multiplexing is still in its very early days, it may ultimately become the technology of choice for reconstructing complex pathways with many component activities. Importantly, the concept of computational multiplexing relies on concurrent measurements of activities in pairs, triplets or even quadruplets. The more relationships that can be extracted through direct observation in single experiments, the more robust the computationally inferred relationships between signalling components will be. Therefore, advances in experimental multiplexing will lay the groundwork for advances in computational multiplexing.
The goal of this Innovation article is to outline the current state of both experimental and computational multiplexing, and to project their joint potential for the analysis of signal transduction at the single cell level.
Experimental multiplexing
The great majority of experiments studying multiple signalling nodes in the same living cell have been accomplished by combining genetically encoded FRET biosensors, the most tractable and commonly used type of biosensor. These have been extended to multiplexing primarily through the development of new FRET pairs with orthogonal wavelengths and advances in instrumentation and techniques that enhance sensitivity. Both of these developments are important, as the primary limitation to experimental multiplexing appears to be the ability of living cells to tolerate multiple exogenous reporter molecules. A host of other developing approaches show promise, some of which require the use of only one fluorophore to monitor each activity, and some of which cause significantly reduced cell perturbation.
Multiplexing with genetically encoded FRET. Although several different FRET pairs have been used to construct bio sensors (for example, blue fluorescent protein (BFP) and cyan fluorescent protein (CFP), enhanced green fluorescent protein (EGFP) and Discosoma spp. red fluorescent protein (DsRed), and CFP and yellow fluorescent protein (YFP)), the CFP and YFP pair has to date proven to be the most useful in multiplexing, owing to its superior fluores cence properties and its excitation and emission wavelengths, which are compatible with other fluorophores. The development of orange and red proteins that are spectrally distinct from CFP and YFP 25 and the subsequent improvement in their photostability and brightness 26, 27 have provided compatible FRET pairs for multiplexing (see Supplementary information S1 (figure) and Supplementary information S2 (table)). In an impressive example of multiparameter imaging, Piljic and Schultz 28 studied two, three and four activities simultaneously (FIG. 1a) . These authors used two CFP and YFP FRET probes (a cytoplasmic calciumand calmodulin-dependent kinase IIα (CaMKIIα) sensor and a membrane-bound protein kinase C (PKC) sensor), together with an orthogonal monomeric Orange (mOrange) and mCherry FRET pair in a sensor for the assembly of annexin 4 (a calcium-dependent phospholipid-binding protein). This enabled spatially resolved, ratiometric imaging using FRET. By restricting themselves to monitoring only the FRET intensity changes of the annexin 4 biosensor, the authors were able to follow the kinetics of annexin assembly into a trimer, which is facilitated by calcium influx, together with changes in calcium levels (observed by monitoring Fura Red). These two activities could then be correlated with the activities of CaMKIIα and PKC signalling in live cells to determine the time sequence of calcium influx, cellular signalling and the resultant annexin 4 assembly.
Rather than use FRET pairs that are compatible with CFP and YFP, Ai et al. 29 generated new fluorophores and combined mTeal and mCitrine with mAmetrine and tandem dimeric Tomato (tdTomato) to image nucleus-targeted and nucleusexcluded caspase 3 activity within the same cell (FIG. 1b) . mAmetrine is a unique fluorophore with a large Stokes shift and a violet-shifted excit ation spectrum; this allows its effective separation from mTeal. The T-Sapphire and DsRed combination has also been used in combination with a CFP and YFP FRET pair, to detect cyclic GMP concentrations 30 . But, as T-Sapphire has an excitation spectrum that is similar to CFP, and a large Stokes shift that allows FRET to be performed with DsRed, this fluorophore permits simultaneous excitation of two spectrally separable FRET pairs. Recently, 'ultramarine' fluorophores, with excitation or emission wavelengths in the violet range of the spectrum, have emerged 31, 32 . These require cell irradiation with more 'toxic' UV light but may enable simultaneous im aging of three FRET biosensors when paired with another violet-shifted fluorophor e, such as BFP.
Imaging fluorescence lifetime rather than fluorescence intensity provides important advantages for FRET multiplexing. FRET quenches donor fluorescence, thus affecting donor fluorescence lifetime. Unlike intensity measurements, the donor lifetime is insensitive to sources of artefacts such as uneven illumination, subcellular variation in probe concentration, or cell geometry (reviewed in and elsewhere). Fluorescence lifetime imaging microscopy (FLIM) expands the number of usable FRET pairs for multiplexing because only the effects on donor fluorescence are measured. Thus, the same acceptor can be used for two different donors 36 , and the choice of available proteins can be extended to include non-fluorescent acceptors, such as different versions of dark YFP 37, 38 . With current technology, FLIM does incur reduced temporal or spatial resolution relative to wide-field imaging, and not all donor fluorophores are useful for FLIM imaging. However, donor fluorophores and fluorophore combinations with potential for FLIM multiplexing have been described [39] [40] [41] [42] [43] : mRFP and GFP, mStrawberry and GFP, mRFP and Venus, mStrawberry and Venus, and mDarkVenus and mGFP were all found to be comparable for FLIM imaging of CaMKII using variants of the Camui sensor, a FRET-based sensor of CaMKII activity.
On the horizon. FRET can also be accomplished using organic dyes, quantum dots and other inorganic fluorophores. Compared with fluorescent proteins, these fluorescent markers provide superior brightness and photostability 44, 45 , but they are not genetically encoded. Brightness and photostability are important for multiplexing, as they determine how much biosensor must be used in a cell to generate a robust signal. This is especially important when multiple biosensors are loaded in the same cell, as harbouring more biosensors increases cell ular perturbation. In a recent study, a FRET biosensor for RHOA was combined with a CDC42 bio sensor based on an environment-sensing dye. The dye was attached to a protein domain that bound selectively to activated CDC42 (REF. 22 ). advances in experimental multiplexing will lay the groundwork for advances in computational multiplexing. On binding activated CDC42, the dye on the biosensor underwent a shift in fluorescence, revealing the localization of CDC42 activity. This design substantially reduced cell perturbation, as it enabled the sensing of endogenous CDC42 and used direct excitation of a bright dye. However, despite their greater sensitivity and ability to operate at lower intra cellular concentrations, non-genetic biosensors are rarely used because they have to be loaded into cells via cumbersome methods such as microinjection or electroporation. Recent approaches to attach dyes to proteins in vivo show promise for harnessing the advantages of non-genetic fluorophores 46 . Signalling behaviours have also been reported by using only a single fluorescent protein, rather than by FRET. This facilitates experimental multiplexing, as each biosensor uses a smaller portion of the wavelength spectrum. This approach can use different types of biosensor, including fluorescent proteins that respond to ions, pH, voltage or reactive oxygen species 18 . In bimolecular fluorescence complementation (BiFC), a fluorescent protein is split into two nonfluorescent halves, each of which is linked to a different signalling protein. When the two signalling proteins bind, they bring the two halves of the fluorescent protein Figure 1 | Examples of experimental multiplexing. a | Piljic and Schultz 28 were able to discriminate signals from three biosensors by using both orthogonal fluorescence resonance energy transfer (FRET) pairs and biosensors targeted to different subcellular localizations. They examined the kinetics of protein kinase C (PKC) activity using the MyrPalm-CKAR (C kinase activity reporter)biosensor, the activity of calcium-and calmodulindependent kinase IIα (CaMKIIα) using the CYCaMIIα (enhanced yellow fluorescent protein (EYFP)-CaMKIIα-enhanced cyan fluorescent protein (ECFP)) biosensor, and lipid modification using the biosensor ORNEX4 (orange-and red-labelled annexin A4). The monomeric Orange (mOrange) to mCherry FRET of ORNEX4 is abrogated when its annexin component binds to lipid membranes and self-associates. The other two biosensors are based on CFP to YFP FRET. In MyrPalm-CKAR, which is restricted to the plasma membrane, a forkhead-associated 2 (FHA2) domain from the yeast checkpoint protein Rad53 binds to a PKC substrate peptide when the peptide is phosphorylated by PKC 78 . The biosensor CYCaMIIα, restricted to the cytosol, is based on a CYCaMIIα molecule with FRET fluorophores on its termini. Phosphorylation of the autoinhibitory domain (AID) releases the AID from the catalytic domain (CAT), leading to altered FRET 79 . b | Ai et al. 29 developed a novel fluorescent protein, mAmetrine, which has an unusually large Stokes shift. This facilitated the separation of wavelengths to image two biosensors independently in the same cell, and allowed the simultaneous monitoring of both nuclear and cytoplasmic caspase 3 activity. The Stokes shift enabled fluorophore excitation (exc) and monitoring of emission (emm) at the orthogonal wavelength bands shown by the grey bars. For each FRET pair, a single excitation band is used, leading to emission that is due to either direct excitation of the donor (mAmetrine or mTeal) or FRET emission from the acceptor (tandem dimeric Tomato (tdTomato) or mCitrine). Excitation and emission spectra are shown for the FRET pair in each biosensor, with the colour of the excitation spectra corresponding to the donor fluorophores in the biosensors. In the schematic, grey arrows show the excitation and FRET of the donor fluorophore, whereas black arrows show the level of emission from the donors and acceptors before and after cleavage by caspase 3 at the Asp-GluVal-Asp (DEVD) motif that links the FRET pair. Dashed arrows indicate the level of emission from the acceptors before and after cleavage. together, generating fluorescence. In some applications, one half of the fluorescent protein can combine with one of two different second halves [47] [48] [49] [50] [51] , each generating a unique colour, including a far-red version of the split protein mLumin 52 . This technique is very sensitive because the signal is created over a 'dark' background. However, the interaction of the two halves is currently irreversible and the fluorescence forms with relatively slow kinetics. FRET between identical fluorophores, observed through effects on fluorescence polarization anisotropy (so-called HOMO FRET), has been used to study receptor oligomerization and protein aggregation without the need for two differen t fluorophores [53] [54] [55] . Important strides in experimental multiplexing will have to come from improved sensitivity in biosensor imaging, as toxicity and cell perturbation are important issues when studying low-abundance signalling proteins. Several papers have addressed how the relative concentrations of biosensors and endogenous proteins or molecules affect cell behaviour [56] [57] [58] [59] [60] [61] [62] ; some others have proposed that sensors can be applied to specific, wellselected proteins, ideally proteins of high concentration that are less likely to be perturbed by introducing biosensors, to reveal the behaviour of larger networks 63, 64 .
Computational multiplexing
Progress in biosensor design and the spectral decomposition of images, and improvements in filters and instrumentation, will steadil y increase the number of simultaneously observable molecular activities. However, deriving a complete analysis of pathway states by studying all of the components in the same cell is unlikely to be possible in the foreseeable future. Thus, methods are needed that complement the direct imaging of multiplexed biosensors with the ability to integrate data from independent experiments into a comprehensive pathway model. These methods are collectively referred to as computational multiplexing (FIG. 2) .
Several challenges must be overcome when implementing computational multiplexing approaches. First, the integration of data from multiple experiments implies that the properties of the studied pathway (that is, the hierarchy of pathway components and the kinetics of information transfer between them) do not change between experiments. Practically, this means that the cell state and the environmental conditions are held identical between experiments, for example, by using clonal cell populations. Second, even then, the activation dynamics of the pathway will vary from cell to cell. Therefore, methods for data integration are required that identify, from variable cell responses, a canonical, cell-invariant representation of the pathway. Third, the spatio temporal coupling of biosensor activities, whether observed in the same or separate experiments, usually results from nonlinear pathways, the feedback and feedforward relationships of which are unknown a priori. Therefore, data integration must be combined with mathematical approaches for see FIG. 4 ) in order to generate time series that are independent of the cell-cell variation in shape and morphology. These time series are then analysed by correlation methods, testing first the presence of an interaction between the activities (a dashed line means no interaction) and then determining the direction and sign (that is, whether it is stimulatory or inhibitory, see arrows), as well as the timing (by measuring the delay, Δt, between activities), of the interaction. This process is repeated for other activity pairs in the network, with each subsequent experiment sharing a common node with any of the previous experiments. In this illustration, experiments 1 and 2 share observations from the blue node, whereas experiments 2 and 3 share observations from the green node. Continuing this process allows traversal of the network, without requiring each node to be observed simultaneously. Mathematical tools allow the integration of the pairwise, and possibly redundant, observations into a larger network model. In the larger network model, dashed connecting lines indicate possible relationships between activities that can be predicted by the network reconstructions, although no direct observation of these together is available in the raw data. b,c | Two strategies for traversing the network. In one strategy, the experiment establishes pairwise relationships between activities throughout the network (b). In a second strategy, each experiment establishes the relationship of one activity relative to a common fiduciary activity, which is depicted by the red box (c). µ µ network inference. In this section, we discuss strategies towards fulfilling these requirements, with reference to studies in which the computational multiplexing of biosensors has provided insights into signalling pathway s with subcellular resolution.
A need for conserved experimental conditions. The conservation of the fundamental pathway properties is an implicit assumption made by every investigator who repeats an experiment to average the responses of multiple cells. This is no different with computational multiplexing. However, when combining data from experiments probing different aspects of a pathway with different biosensors, this assumption must be thoroughly validated. The expression or microinjection of a biosensor can shift the pathway properties. To control for such effects, the reproducibility of a cell function related to the studied pathway must be tested for each biosensor that is expressed, over a range of concentrations. For example, for pathways that regulate cell morphogenesis, cell morphology or morphodynamics are excellent measures against which to identify probeinduced biases. These measurements can be accomplished either by manual inspection or, ideally, by quantitative morphological 65 or morphodynamic 66 analyses.
A common fiduciary mark between experiments. To determine the spatiotemporal relationships between activities monitored in independent experiments, spatial and temp oral fiduciaries are required that are common between experiments and invariant to changes in cell morphology and cell behaviour. Temporal fiduciaries can be defined by the acute stimulation or inhibition of a pathway 67 . By applying the same inter vention protocol across multiple experiments, diff erent biosensor activities can be aligned in time to deduce a response hierarchy. Similarly, spatiotemporal fiduciaries can be defined by spatially limiting the acute stimulation or inhibition of a pathway. Numerous approaches have been proposed to achieve this while monitoring downstream signalling responses, including mechanical stimulation of cells by microspheres 68, 69 or photoswitchabl e reagents 70, 71 . Recently, two studies independently established the concept of inferring a response hierarchy from constitutive fluctuations in the activity of biosensors. Time differences between signalling events were determined by temporal and spatial cross-correlation between the activation of two different biosensors and/or between the activation of one biosensor and spontaneous fluctuations in cell morphology 22, 24 (FIG. 3) . There are several key advantages to this strategy as compared to the acute stimulation or inhibition of a pathway. First, acute interventions may over stimulate or over perturb pathways. As a result, the kinetic s and response hierarchies deduced from these experiments may reflect a pathway that operates far outside the range of normal physiology. As well as avoiding this problem, the second advantage of analysing constitutive fluctuations is that this permits dense mapping of spatial gradients in signalling hierarchies. For example, the study of the Figure 3 | Assessing the activity of RHO GTPases using computational multiplexing. a | Three distinct members of the RHO GTPase family (RAC1, CDC42 and RHOA) were imaged in different cells using different biosensors. To monitor RAC1 activation, a bimolecular fluorescence resonance energy transfer (FRET) reporter was used, which produces a high signal when a RAC-binding fragment of the RAC1 effector p21-activated kinase (PAK), conjugated to cyan fluorescent protein for energy transfer (CyPet), associates with the activated form of RAC1 that is conjugated to yellow fluorescent protein for energy transfer (YPet). To monitor CDC42 activation, an environmentally sensitive dye, mero87, was coupled to a CDC42-binding fragment of the CDC42 effector Wiskott-Aldrich syndrome protein (WASP). Upon association of this labelled fragment with the activated form of CDC42, the dye undergoes a change in its fluorescence spectrum that is observed as a strong increase in fluorescence at a particular wavelength. To monitor RHOA activation, an intramolecular FRET reporter was used. In contrast to the RAC1 reporter, here RHOA and the RHOA-binding fragment are in a single chain, which undergoes conformational changes upon RHOA activation. These changes are detected by changes in the FRET between the CyPet and YPet pair that is part of the single chain sensor. Pseudo-colour scales indicate the dynamic range of the biosensor responses, where 1.0 indicates the minimal response, and the maximum value indicates the strongest response, throughout the time-lapse sequence. Arrows indicate the direction of cell protrusion. b | Cartoon illustrating the spatially and temporally differentiated activation of the three RHO GTPases during protrusion (grey arrows pointing up) and retraction or stalling (grey arrows pointing down) events at the cell edge. The shading in the activation 'clouds' get lighter to indicate how the signalling strength decreases over time after initial induction. The relationships between the signalling activities were predicted first indirectly by spatiotemporal cross-correlation analysis of each biosensor, in separate cells, to the velocity of edge movement as a common fiduciary (an example of the strategy described in FIG. 2c ). The inferred relationships were then confirmed by direct observation of two of the biosensors (CDC42 and RHOA) in the same cell (an example of the strategy described in FIG. 2b) . coordination of RHO GTPases during cell protrusion 22 suggested that the activation of RAC1 is not only delayed by ~40 s, relative to the activation of RHOA, but also is shifted in space by ~2 μm. RHOA is activated at the cell edge, whereas RAC1 is activated behind the cell edge, possibly in growing nascent adhesions. It would be very tedious to derive such predictions of the spatio temporal organization of pathways from a few scarcely distributed interventions. Third, in concept, fluctuation analysis is readily scalable to pathways involving a very large number of components. To make use of this potential, pairwise cross-correlation analysis must be replaced by more sophisticated mathe matical tools that integrate, from multiple experiments, the image fluctuation sequences of partially overlapping sets of component activities.
Appropriate spatiotemporal sampling. The possibility of exploiting constitutive fluctuations to infer the response hierarchy and kinetics of pathways relies on the proper sampling of biosensor activities. The sampling resolution in time must be a few times faster than the shortest timescale of information transmission through the pathway. Otherwise, the fluctuation sequences of different pathway components are decoupled. The sampling resolution in space must be high enough to preclude the averaging of adjacent yet independent pathway events. However, some averaging may be desirable to reduce measurement noise in the fluctuations. As illustrated in FIG. 4 , the required time and length scales for sampling signalling activities can be deduced from the autocorrelation functions of the cellular outputs of the pathway; that is, in the example shown, cell protrusion dynamics.
Reconstructing the pathway hierarchy.
Until recently, studies involving multiple biosensor activities have used pairwise crosscorrelatio n to infer the relationships between pathway components 22, 72 . Component pairs for which the correlation does not reach a defined significance level are considered to be disconnected in the pathway, whereas pairs with a significant correlation are considered to be directly or indirectly coupled. These pairwise analysis methods, although simple, have major limitations. First, as mentioned above, they do not provide the means for a rigorous integration of multipl e experiments in one model. Second, cross-correlatio n approaches break down in the presence of strong feedback and/or feedforward inter actions between pathway . This length scale defines the requirement for spatial sampling. For both the time and space domains, twofold to fourfold oversampling should be achieved. That is, movies should be acquired at 10 s frame intervals or faster and biosensor intensities should be sampled in probing windows of a maximum of 4 μm side length. b | Definition of a triangular mesh of appropriately sized probing windows. c | Definition of a polygonal mesh of appropriately sized probing windows. In contrast to the triangular mesh in part b, for the polygonal mesh, each window that is inside the cell perimeter has a unique relationship to a window at the cell periphery. Thus, this mode of windowing is preferred for studies that relate intracellular signals to cell protrusion and retraction events.
components. Third, although temporal crosscorrelation generates some evidence for the hierarchy of activation by determining what comes first and what comes second, it cannot define causal relationships between pathway components. Two unconnected activities may be correlated with each other simply because they are downstream of the same activity 73 . Much work is underway to identify causal networks from common fluctuations in gene expression profiles or proteomic data 7, 74, 75 . Some of these frameworks have even been expanded to non-simultaneously observed data 76 . In contrast to genomic and proteomic data sets, however, biosensor images offer more-finely resolved data about the dynamics and subcellular localization of pathway activities. Although this additional information will greatly enhance the inference of the pathway hierarchy, including the reconstruction of directed interactions between nodes in loops 73 , there are significant mathematical challenges in the design of algorithms that integrate data from a sequence of different experiments. A second limitation of these network reconstructions is the type of causality that can be inferred from the graph of directed interactions. Biosensor image analyses alone will predict only a functional causality between network nodes (that is, how information flows between activities). Establishing a molecular causality (that is, how information flows between two nodes because of a particular cascade of molecular interactions) will require complementation of fluctuation analyses by more traditional perturbation approaches. However, because of the exquisite sensitivity and high specificity of biosensor-derived data, subtle molecular perturbations with less risk of uncontrolled side-effects will suffice to identify the mechanism s underlying a particular predicted functional causality.
Conclusion
In summary, new biosensor designs with extended spectral properties and vastly increased sensitivity have opened excitin g opportunities for signal transduction research. It has become possible to simultaneously monitor two or three signalling activities, and enhanced sensitivity permits the analysis of highly localized constitutive pathway fluctuations. This in turn enables the use of powerful statistical formalisms for the integration of multiple experiments and for the inference of hierarchy in signalling networks. Conceptually, this has brought us to the point at which complex pathways, with many components and redundant and nonlinear cascades, can be studied in living cells under nearly physio logical conditions. However, developments on the horizon will play a major part in turning this concept into a routine tool for the cell biologist. To apply computational multiplexing by relying on combinations of biosensors in the same cell, issues of cell perturbation will become even more important in biosensor design.
To overcome these issues, biosensors must be developed that have enhanced sensitivit y, which would enable their effective use at lower concentrations; this sensitivity may stem from the use of brighter fluorophores, direct excitation or improvements in instrumentation. Designs responding to endogenous proteins will also reduce cell perturbation. Novel approaches to decrease the spectral bandwidth of each biosensor will increase the number of activities that can be imaged simultaneously and might include the development of FLIM with an enhanced signal to noise ratio, biosensors that are based on single fluorophores, and spectral deconvolution imaging. As computational multiplexing provides us with an ability to relate to one another an essentially unlimited number of signalling molecules, biosensor production will become a bottle neck. Soon, biosensors will not need to be based on naturally occurring domains or substrates with the desired specificity, but will be generated via the high-throughput screening of engineered scaffolds 77 .
Glossary

Fluorescence polarization anisotropy
A technique that measures the rotational diffusion of fluorophores by measuring the difference in the polarization of excitation and emission light. Changes in fluorescence polarization anisotropy indicate changes in the rotational diffusion of molecules that are induced by their interactions with other molecules.
Orthogonal wavelengths
Biosensor emission or excitation wavelengths that are sufficiently different to allow two fluorescent probes to be imaged separately in the same cell.
Pairwise crosscorrelation analysis
A technique that uses a mathematical framework to define whether the variation of one time-resolved image activity is coupled or independent of the variation of another time-resolved image activity.
Quantum dots
Small semiconductor crystals that emit light of a longer wavelength on excitation with a shorter wavelength, akin to fluorophores.
Ratiometric imaging
An imaging technique in which biosensors are designed so that the ratio of emission or excitation at two different wavelengths reflects the biological activity being measured. This ratio is independent of the biosensor's fluorescence intensity, so eliminates the effects of cell thickness, uneven biosensor distribution, uneven illumination and other factors.
Spectral decomposition
A mathematical technique to separate the contribution of multiple fluorophore species to the image signal at a certain wavelength. This allows the separation of the signals of fluorophores with overlapping emission spectra.
Stokes shift
The difference between the excitation and emission wavelengths of a fluorescent probe.
As computational multiplexing provides us with an ability to relate to one another an essentially unlimited number of signalling molecules, biosensor production will become a bottle neck.
